Abstract: Landslides are one of the critical natural hazards that cause human, infrastructure, and economic losses. Risk of catastrophic losses due to landslides is significant given sprawled urban development near steep slopes and the increasing proximity of large populations to hilly areas. For reducing these losses, a high-resolution digital terrain model (DTM) is an essential piece of data for a qualitative or a quantitative investigation of slopes that may lead to landslides. Data acquired by a terrestrial laser scanning (TLS), called a point cloud, has been widely used to generate a DTM, since a TLS is appropriate for detecting small-to large-scale ground features on steep slopes. For an accurate DTM, TLS data should be filtered to remove non-ground points, but most current algorithms for extracting ground points from a point cloud have been developed for airborne laser scanning (ALS) data and not TLS data. Moreover, it is a challenging task to generate an accurate DTM from a steep-slope area by using existing algorithms. For these reasons, we developed an algorithm to automatically extract only ground points from the point clouds of steep terrains. Our methodology is focused on TLS datasets and utilizes the adaptive principal component analysis-triangular irregular network (PCA-TIN) approach. Our method was applied to two test areas and the results showed that the algorithm can cope well with steep slopes, giving an accurate surface model compared to conventional algorithms. Total accuracy values of the generated DTMs in the form of root mean squared errors are 1.84 cm and 2.13 cm over the areas of 5252 m 2 and 1378 m 2 , respectively. The slope-based adaptive PCA-TIN method demonstrates great potential for TLS-derived DTM construction in steep-slope landscapes.
Introduction
Landslide, defined as a rapid downward movement of a mass of rock, earth, or artificial fill on a slope [1] , has a great impact on the overall environment; including the natural environment and human society [2] . Throughout the ages, development and settlement on steep slopes has increased the risk of landslides [3] . The June 2017 landslide in Sichuan Province, China, caused more than 15 deaths and 100 people to be classified as missing [4] . Another recent landslide in August of 2017 in Sierra Leone killed an estimated 300 people; at least 300 to 1500 people are still classified as missing [5] . A huge landslide in Umyeonsan area of Seoul, Korea, swept through one of the Seoul's most affluent neighborhoods in July 2011 [6] . It caused an unprecedented loss to the urban area. About half of the 120 households in Hyeongchon village were damaged and 18 people were killed [7] . These kinds of unusual landslides have been increasing in frequency and causing considerable economic loss as well as casualties.
In order to minimize the losses caused by landslides, it is essential to monitor steep slopes and predict the possibilities of landslides. For this reason, technologies for reducing landslide risks have gained special attention from many decision-makers and researchers [8, 9] . The key factor to monitor a steep slope is to find out the critical elements out of the various factors for a landslide to occur. Much research has been carried out to find the main causes of landslides. Many critical factors such as slope geometry, geology, soil characteristics, and vegetation conditions of the concerned areas have been identified as the root causes of landslides [10] [11] [12] . Among those elements, bare earth information of a steep slope is one of the key data for further analysis of a potential landslide; detecting, modelling and monitoring landslide features [10, 13, 14] .
High resolution topographic models, significant data for bare earth information, are mostly obtained from Light Detection and Ranging (LiDAR) observations [15, 16] . LiDAR systems can measure ranges (distances) to the object and other properties by using light in the form of a pulse laser [17] . LiDAR data is commonly acquired by airborne laser scanning (ALS) or terrestrial laser scanning (TLS). ALS data, which is acquired from a nadir field of view, has been widely used in large-scale areas. On the other hand, TLS data is acquired from an oblique view and has a high resolution which is hardly obtained from ALS [16, 18] . Therefore, TLS has been increasingly used to capture terrain features in recent years [16] . This is because the highly detailed digital terrain model (DTM), with millimeter precision and accuracy, can be generated from TLS data [19] . DTM, an elevation surface representing the bare earth referenced to a common vertical datum, has been a prerequisite in many occasions for hazard analysis, particularly in mountainous areas [6, 7] .
Although TLS data has been accepted as a major data source in recent years, a point cloud acquired by the LiDAR system usually includes unnecessary objects such as vegetation [20] . In this case, an accurate DTM can be generated after removing non-ground object points from the point cloud. Therefore, filtering, which is the process of removing unwanted object information from a point cloud, is necessary prior to generating a final user-required DTM. Through the filtering process, a new set of point clouds, which returns from the ground surface, is extracted by separating terrain returns from off-the-terrain objects. However, it is challenging to extract terrain surface information, especially in a wooded, mountainous area, from LiDAR observations [21] [22] [23] . This is because fewer ALS points hit the surface of the earth or the height difference is significant over a small horizontal distance [21, 24] .
In order to extract ground points from a point cloud, a range of filtering methods have been proposed. Research on developing algorithms to determine whether the points out of a point cloud are from terrain or not have been suggested by comparing height difference, slope angle, surface curvature, and signal intensity with their neighboring points for ALS data [25] [26] [27] [28] [29] . There has also been research conducted to summarize the merits and demerits of existing filtering algorithms of a point cloud by comparing and analyzing them for ALS data [22, 30, 31] .
The filtering methods for ALS data have been increasingly studied [31] . Current filtering algorithms developed for ALS can be divided into three main categories; slope-based, morphology-based, and surface interpolation-based approaches [22, [32] [33] [34] [35] . The slope-based filters [28, 36] assume that the slope between terrain points is gradual. If a slope between two points is large, the point at the highest elevation is regarded as a non-ground point. Morphological filters [37, 38] begin with the assumption that the ground is flat. Surface interpolation-based filters [39] [40] [41] assume that the terrain can be approximated by parametric surfaces. Previous studies [30, 35] ascertained that surface interpolation-based filters performed better than the others, but with a limitation in steep-slope landscapes. It has been a challenging and an intriguing task for researchers to develop a filtering algorithm that works precisely for steep mountainous terrain [24, 27, 29] .
In case of steep-slope landscapes, the bare earth information of a terrain is critical for analyzing the risk of landslide. Even though ALS data with a bird's-eye view of the terrain has proven to be useful to obtain terrain surface [42] , TLS is advantageous over ALS in detecting small detailed surface information on a steep-slope terrain. However, the properties of TLS datasets are different from those of ALS, such as geometry of data acquisition (a lateral view of a terrain), point density, and point cloud properties [19, 43] .
Due to the different characteristics between ALS and TLS datasets, it is challenging to directly apply the filtering algorithms developed for ALS datasets to TLS datasets [19, 34, 44, 45] . Moreover, with existing algorithms for ALS datasets, it is difficult to properly extract the lateral view information of a steep slope. The lateral view information of a steep slope is critical to identifying the risk of landslide.
Motivated by those issues, we propose a new recursive filtering algorithm for extracting ground points from TLS point clouds acquired from hilly and vegetated areas. Our research is focused on developing an automatic filtering method using range information of TLS data to generate the DTMs, which provide accurate terrain morphology information. The results of the proposed filtering algorithm can be readily used in analyzing instability and improving the quality of a surface model and the risk analysis of landslide in steep slope terrains.
Research Areas and Datasets

Study Area
Korea, with 70% of the land covered by mountains, has started a project to repair risky areas with steep slopes under the initiative of the former MPSS (Ministry of Public Safety and Security). In accordance with the "Prevention of Steep Slope Disasters Act" [46] , the mayors and municipal governors designated and announced areas that constitute a steep slope that has a high risk of collapse and may cause human injury as a hazardous area through a safety inspection. Accordingly, the MPSS has carried out maintenance work for safety management and risk-of-collapse of the steep-slope areas via annual periodical safety inspections [47] . As part of this project, three-dimensional data over the potential risky areas of the steep-slope areas have been acquired.
Two different sites with different surface morphology were selected as research areas, as shown in Figure 1 . The first site is located in the Somang Hospital District, Gwangju, Korea. In this area, a warehouse of 5 m 2 was damaged due to a landslide that occurred in December 2015. The area received a D grade through the MPSS's evaluation system [48] . The MPSS categorizes the risk level of steep-slope areas into five grades from A to E, among which E is for the riskiest slopes. Essentially, the lower the grade, the more attention from the government is required. The second experiment was carried out in the Chunghak District, located in Busan, Korea. This site received an evaluation grade of C and exhibited different surface characteristics compared with the first site. More detailed explanations about the sites follow. Both experimental sites have extremely high slope areas but the ground surface condition and overall morphology are very different from one another: (A) the first site consists of rock and almost no vegetation on its side, but much vegetation on its outskirts; (B) the second site is significantly covered with vegetation. The top-view images of the two sites are shown in Figure 1 ; site A and B images are acquired from Google Earth.
Data Description
Data was acquired by the Riegl VZ-2000 scanner, which has a maximum range of 2050 m (@ 90% albedo), a laser spot size of 0.3 mrad, and an accuracy and precision of 8 and 5 mm (@ 150 m), respectively [49] . Full datasets over the two sites were acquired using the RiSCAN PRO software (Riegl, Horn, Austria) [50] . We extracted a portion of the full datasets from each site to test our proposed filtering algorithm. Table 1 shows the statistics of the extracted TLS datasets used in this study. As shown in Table 1 , the number of point clouds for each site was about 2.5 million and 4 million points and the areas covered were 5252 m 2 and 1378 m 2 , respectively. The maximum and minimum height of the covered areas were 64.85 m and −8.76 m, respectively. Each dataset was acquired using the local machine coordinate system (i.e., Riegl TLS coordinate system). Figure 2 depicts the street view of the two study areas. The left-hand side of the image represents site A and the right-hand side of the image depicts site B. The images were acquired from NAVER Map (http://map.naver.com), which provides street-view images taken from ground-based vehicles. As shown in Figure 2 , both of our study areas exhibit very steep slopes, which are close to cliffs, and vegetation exists universally over the test area. Vegetation and other information, except the terrain, were considered as noise in our case and removed manually to obtain the bare ground surfaces of each site. The manually noise-removed point cloud datasets were regarded as the ground truth data and further used for the validation for our proposed algorithm. 
Recursive Filtering Method
As shown in Figure 3 , a steep slope with vegetation can be categorized into two cases; first, a case where the slope of a ground gradually increases, and second, a case where the slope of a ground increases rapidly. Since the main focus of our filtering algorithm is to extract ground surface information, non-ground surface information such as trees, houses, and other facilities are regarded as noise. A simple ground filtering algorithm, which is frequently applied to ALS data, finds the lowest elevation value from the point cloud. In the TLS case, many ground points are lost during the noise removal approach with the lowest elevation value at the position where the inclination of slope changes abruptly. It is concluded that a more sophisticated algorithm which incorporates not only the lowest elevation category but also the abrupt slope changes is required. We propose a recursive filtering method that is depicted schematically in Figure 4 . Figure 4 shows the overall procedures of our algorithm. The basic concept of our approach is to find the minimum height values after identifying an optimum rotating axis of the original point cloud. The reason for conducting a two-step process is that most of current available algorithms fail to keep the terrain surface in steep slopes. Each step of our recursive method is explained in detail in the following. 
Slope-Based Seed Points Extraction
Previous studies applied the slope-based approach using a threshold value of slopes to distinguish ground points from non-ground points. However, these slope-based filters could not obtain a good result in the steep-slope areas because of using a single fixed slope threshold [35] . In the mixed-slope area, where flat and hilly areas are interspersed, using a fixed threshold value can miss much of the ground information [35] . To overcome the limitation of previous approaches, our approach splits the extraction of the ground surface process into three steps; the extraction of the lowest point, the calculation of a slope angle, and the extraction of ground points after the rotation of the axis.
Extracting the Lowest Point
In this study, by generating a virtual grid, a minimum height value of the corresponding grid is extracted. To generate the virtual grid, the initial size of the grid is set to 1 m × 1 m. The size of the initial grid can be varied depending on the size or the range of the input data sets. A virtual grid was created on the X-Y plane, and the lowest point in the grid (height) was extracted as shown in Figure 5 . It shows the X-Z plane of a steep slope, on which the red dots represent the lowest point of each grid. 
Slope Angle Calculation
Since the extracted points are based on the minimum height, there may not be any point on the portion in which the slope changes radically on the steep slope. To resolve this problem, we utilize slope angles to add new points to the initial seed points (seed points v1 in Figure 4 ). To calculate slope angles, the initial DTM is generated using the initial seed points and then interpolated. Interpolation is necessary to prevent the height value of the initial DTM from having a null value when there is no point in a particular grid because the grid has a low point density. Once the initial DTM has been interpolated, slope angles in each grid are calculated from the DTM.
Extracting Ground Points after Axis Rotation
In the case of a high slope value; if only the point having the minimum height in the corresponding grid is extracted, the shape of the ground of the steep slope cannot be accurately extracted ( Figure 5) . Therefore, for a cell over a certain slope (δ Th ; slope angle threshold in Figure 4) , the lowest point of each cell is extracted from the rotated axis based on the fitted plane in the corresponding cells (Figure 6a ). Through this process, the side points of the portion where the slope changes abruptly are also extracted as seed points (Figure 6b ). The slope angle threshold value depends on the data characteristics. In this study, 60 • , which is more than the average slope value, was determined as slope angle threshold through experiments. 
Adaptive PCA-TIN
This step consists of extracting additional ground points by constructing TINs using the seed points. TIN-based filtering is a method used to estimate the initial ground from the initial TIN and increase the ground point density by gradually adding ground points from it. This method is called adaptive TIN, which shows a stable performance when compared with other filtering methods [34] . However, since the traditional model is 2.5D, the real terrain information along the steep slope surface is lost, leading to significant simplification [51] . Hence, we applied the principal component analysis (PCA) before generating the TIN model. The main purpose of applying PCA is to find and rotate the axis with maximum variances where the point cloud is most distributed. If the point cloud is transformed to the principal axis before generating TIN, we can prevent the side information of the steep slope surface from being lost. This process is called adaptive PCA-TIN and the details are as follows.
Initial TIN after Rotating the Axis
Since the steep slope has a high degree of curvature and slope, it was evaluated that grid-based filtering in 2.5D alone could not adequately describe the terrain. Accordingly, we applied TIN after rotating the axis to complement the existing method. First, the principal plane of the seed points is determined, and then a virtual grid is generated for the principal plane. Second, the ground point having the minimum height value is extracted in the grid to construct the initial TIN.
Adding Points for the Next TIN
In this step, only the points that satisfy certain criteria are selected as candidates for updating the next TIN. The first criterion is the vertical distance from the TIN and the second one is whether the points are in the TIN plane or not. The threshold value (vertical distance) is generally the median of the histograms of the vertical distances of all the candidate points. Candidates below the threshold value are classified as ground points. Figure 7 shows the point selection process for updating TIN. 
Reconstructing TIN with New Axis (PCA)
The next TIN are regenerated using the added ground points. The important point in this step is that the TIN is rotated into the principal axis when it is generated. Then the step described in Section 3.2.2 is repeated. These steps (generating TIN with a new axis and adding points) are repeated until there is no candidate point classified as a ground, and the TIN and the histogram are renewed. Finally, all the point clouds are classified as ground and non-ground.
Accuracy Assessment
The accuracy of the proposed filtering method was tested by comparing the final DTM with the reference DTM. The reference DTM was generated by using a point cloud after manually removing noise. In order to analyze the filtering results, the results of the filtering output and the reference data were interpolated to a grid. By changing the grid size, we yielded a final DTM and a reference DTM. Using these DTMs, the discrepancies between them were calculated using Equation (1).
where d i represents the discrepancies between reference elevation value h re f erence and output elevation value h f inal at coordinate (x i , y i ). The discrepancies were used to calculate the root mean square error (RMSE) and the mean bias error (MBE) to assess the accuracy of the final DTMs within each test area using Equations (2) and (3).
where n is the number of pixels (observations).
Results and Discussion
In this section, we present the results of the proposed algorithm and discuss the accuracy assessment. Accuracy of the algorithm was evaluated by visual inspection and by comparing errors obtained using the produced DTM with the reference DTM.
The performance of the algorithm was assessed by visual inspection of the final filtering results and comparison with the results of other methods available in nonproprietary software; adaptive TIN (ATIN) [25] implemented in LASTools (http://rapidlasso.com/lastools), the weighted linear least-squares interpolation-based method (WLLI) [40] in FUSION (http://forsys.cfr.washington.edu/ fusion/fusionlatest.html), and the cloth simulation filter (CSF) [52] in CloudCompare (http://www. danielgm.net/cc).
From visual inspection, we could evaluate how realistically the DTM visualized the terrain. Results are shown in Figures 8 and 9 . Figure 8 shows the intermediate and final results for the first study area, site A. Figure 8a shows the original data, and the final result of the ground point extraction is shown in Figure 8d . Figure 8b shows the lowest points before applying slope-based point extraction, and Figure 8c depicts the seed points for adaptive PCA-TIN. Since the seed points are supplemented by the slope-based point extraction procedure, it could be seen that the ground points were extracted clearly even in the areas where the slopes changed abruptly. However, some errors are included in areas where the point density is low. In case of site A, the density of points in the outer part is relatively low and there is a lot of vegetation. Figure 9 shows the filtering result for site B, which is the same as Figure 8 . In the case of site B, although the overall point density is high, a lot of ground points were not obtained because of the thick vegetation. Except for the part where ground points are not well acquired, it could be seen that significant terrain features such as the suddenly rising hill or ridge are represented. The filtering results showed that the proposed algorithm caused commission errors along edge areas; non-ground points (vegetation) were wrongly classified as ground points. This is because the points in the edge area were extracted while the TIN was formed at the edge of the region where the gradient changed abruptly. On the other hand, compared to the commission error, the omission error seems to be relatively small.
For accuracy assessment, we compared the DTMs obtained using different algorithms and those computed from DTMs using reference data. With the filtered ground points from different algorithms, 10-cm DTMs were generated. The initial settings for each filtering algorithm are as follows; terrain type: nature, preprocessing: extra-fine (ATIN), cell size for intermediate surfaces: 1 m (WLLI), scene: steep slope, cloth resolution: 0.1, maximum iteration: 500, classification threshold: 0.5 (CSF). These values were determined experimentally. Table 2 and Figure 10 represent filtering results from each algorithm. As shown in Table 2 , the RMSE for the DTM using the proposed algorithm was 1.84 cm and 2.13 cm in site A and site B, respectively. The proposed algorithm showed better performance than the other algorithms. Moreover, the data missing ratio, which means the percentage of missing cells in the DTM, is the smallest in the results of proposed algorithm. In case of the results of site B, WLLI showed much smaller RMSE and MBE values than the others. However, the RMSE values should be taken as a relative measure of the performance of our algorithm. This is due to the presence of uncertainty in manually filtering and the exception of data missing cells. We compared the results of our algorithm with the results obtained using other algorithms to confirm the effectiveness of the adaptive PCA-TIN (Figure 11 ). Figure 11a-d were produced by other methods and Figure 11g ,h were produced by the proposed algorithm. Referencing Figure 11 , the empty part in Figure 11a -d should be noted because the ground points actually exist there. On the other hand, our filtering results, depicted in Figure 11g ,h, showed better filtering performance in the area with a high slope gradient. 
Conclusions
In this study, an automatic ground filtering algorithm was developed to perform a terrestrial laser scanning data classification in steep-slope areas. Similar algorithms previously developed have limits in classifying ground points in steep slopes using TLS data. Therefore, in this paper, a new process using a slope-based algorithm and adaptive TIN was proposed to efficiently extract only ground points from the TLS point cloud. Considering the fact that steep slopes have a wide range of gradient, the direction of selecting the lowest point was different depending on the slope. After extracting the seed point to the maximum, the performance of the filtering algorithm was improved by applying an adaptive PCA-TIN. Results showed that ground points of hilly areas were effectively extracted. Our algorithm has great potential for TLS-derived DTM construction in vegetated areas with a high slope.
The experiment on two sets of point clouds in steep-slope areas indicated that the proposed method performs well for mountainous areas. The total accuracy values of the generated DTMs in the form of RMSEs were 1.84 and 2.13 cm, respectively, and the proposed method showed better results than other studied methods.
TLS is a very useful ground-based technique that enables the acquisition of geospatial information quickly and accurately. To make ground detection automatically, a ground filtering algorithm needs to be developed. However, there were problems with memory consumption and time efficiency. Future research should aim to improve these problems.
